Background: There exist massive transcriptome profiles in the form of microarray, 24
Introduction 45
Although there exist vast datasets deposited at NCBI GEO in the form of microarray, 46 applying machine learning to exploit them is not straightforward. They are often 47 generated with diverse platforms and normalization tools, limited in sample size, and 48 annotated with non-standardized text -all these add computational complexity to 49 such high-dimensional data, necessitating multiple, intricate analytics tools at 50 different steps for data integration. 51
To increase the reuse of such legacy data, we generated a single, merged microarray-52 acquired datasets (MMDs) of 11 major cancer types within a uniform R framework 53 (Figure 1 ). This approach has been used in our earlier work to generate merged 54 transcriptome data of specific cancer type, non-small cell lung cancer (NSCLC), 55 comprising both tumor and tumor-free tissues [1] . Utilising this merged dataset, we 56 identified a specific matrisome expression pattern predictive of prognosis and 57 adjuvant chemotherapy response [1] . Such large-scale data allow detection of signals 58
from genes that may be masked in smaller patient cohort. 59
As an exemplary use of big data, TCGA increasingly serves as a 'training' reference 60 to apply machine learning algorithms, having comprehensive, well-curated genomic 61 data of over 11,000 tumors across 33 major cancer types. This rich resource combined 62 with machine learning has facilitated recent development and/or validation of cancer 63 type classifier [2] , markers predictive of drug sensitivity [3] , histopathology image-64 based prognostic predictor [4] , and previously unexplored biological feature 65 associated with oncogenic phenotype [5] . 66
In this work we extend the algorithm to include various carcinomas of epithelial 67 origin. Meeting our inclusion criteria, raw expression profiles of 8,386 patient-derived 68 tumor and normal tissues obtained from 95 independent GEO datasets have been 69 curated, merged, and batch-effect corrected. Consistent with prior works [6] [7] [8] [9] [10] , we 70 observed comparably correlated patterns of genome-wide differential expression 71 between microarray and RNA-seq. With an appropriate machine learning and 72 normalization technique, it is thus expected that MMD can be used to generate 73 clinical predictors that can be applied cross platform, given sufficient overlap in the 74 data distribution [11] . 75
To demonstrate, we developed an integrated R pipeline to train and build clinical 76 predictive models from MMDs and test with respective transformed TCGA datasets. 77
Applying an independent machine learning optimization [12] , we further show how 78 MMD can be used to de-convolve tumor immune microenvironment by parsing 79 specific subpopulations of infiltrating immune cells in a given bulk tumor sample. We 80 applied CIBERSORT method and compared the distribution of estimated composition 81 and functional activation of 22 immune cell types with that of matching TCGA 82 cohorts. All 11 cancer type-specific MMDs with associated clinical metadata are 83 available at ArrayExpress (see Availability of supporting data). Our resource of 84 curated large-scale data and integrated machine learning approach may allow 85 extraction of unbiased and clinically significant information, enabling precision 86 medicine. 87
Data Description 88

Data Collection and Preprocessing 89
To facilitate the use of MMDs for machine learning applications and parallel cross-90 platform analyses with TCGA, we chose eleven major epithelial cancer types, in 91 which matching datasets, consisting of tumor and/or tumor-free tissues, are available: 92 PCs that capture the most variance are shown for both untransformed and ComBat-125 transformed datasets (Figure 2) . In each case, there is an apparent overlay of the 126 variance between independent studies, which are rather separated by the disease 127 status. PCA was performed using the prcomp function in the built-in R stats package 128 and visualized using the ggbiplot package [19] . 129
Concordant Patterns of Genome-Wide DE with TCGA 130
We next examined the concordance of ranked gene lists derived from each MMD 131 based on the degree of DE with matching TCGA cohorts. As all MMDs were assayed 132 with the same Affymetrix platform and processed with uniform R framework, same 133 number of genes (20,456 genes) were present in the final ranked gene lists. To dispel 134 any bias that could be introduced from different number of genes probed with various 135 profiling technologies, we compared only the ranked gene lists that were common for 136 both MMD and TCGA (Table 2) . 137
A rank-rank hypergeometric overlap (RRHO) algorithm [20] was used to identify and 138 visualize statistically significant overlap between signatures of all protein-coding 139 genes ( Figure 3 ). This threshold-free approach allows the analysis of genes with low 140 expression that would be missed by other conventional methods which depend on a 141 user-defined, fixed cutoff. Each ranked gene list was loaded into a web-based 142 
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